A hybrid computational intelligent approach which combines wavelet fuzzy neural network (WFNN) with switching particle swarm optimization (SPSO) algorithm is proposed to control the nonlinearity, wide variation in loads, time variation, and uncertain disturbance of the high-power AC servo system. The WFNN method integrated wavelet transforms with fuzzy rules and is proposed to achieve precise positioning control of the AC servo system. As the WFNN controller, the back-propagation method is used for the online learning algorithm. Moreover, the SPSO is proposed to adapt the learning rates of the WFNN online, where the velocity updating equation is according to a Markov chain, which makes it easy to jump the local minimum, and acceleration coefficients are dependent on mode switching. Furthermore, the stability of the closed loop system is guaranteed by using the Lyapunov method. The results of the simulation and the prototype test prove that the proposed approach can improve the steady-state performance and possess strong robustness to both parameter perturbation and load disturbance.
Introduction
In the recent years, with the advancement of technology, AC servo system has been widely used. As a servo drive system, it needs not only a good steady-state performance, but also a high dynamic performance. As a controlled object, the dynamic mathematical model of a high-power AC motor is a complex system, which is characterized by heavy varying load, slow time variation, nonlinearity, and uncertain disturbance. Traditional control algorithm adopts PID control, easily influenced by the model of nonlinear characteristics and the parameters such as the uncertainty of dynamic response and the unbalance of antidisturbance ability, which may deteriorate the system control performance. Thus, the practical intelligent control strategy has become a focus in the field of servo system control [1] .
As neural networks may approach any nonlinear function, they have already been widely utilized in the modeling of nonlinear systems and have advantages of easy realization and learning capability [2, 3] . Some scholars [4, 5] construct the motor servo system model by using neural network and obtain the conclusion that the application accuracy of the neural network in the identification of nonlinear systems is higher than that of the linear system. However, in the neural network, the sigmoid function is used as the activation function of BP neural network, which leads to the result that the BP neural network is easy to get into local minimum, slow convergence speed, and difficult to understand the mapping rules which make it impossible to be used in realtime tasks. Fuzzy logic uses human-like reasoning and expert knowledge to model complex and uncertain systems [6, 7] . Some researchers have proposed various structures for modeling and controlling of nonlinear systems [8, 9] . Reference [10] uses fuzzy control and has the ability to deal with the uncertainty of self-learning ability of the neural network by combining fuzzy neural network and its application in the controller of a servo motor, which effectively improves the robustness of the system and does not require accurate mathematical model of the controlled object. The main features are as follows: (1) the use of fuzzy neural network tuning fuzzy membership functions; (2) the inference rules of logic systems; (3) the use of construction in the form of inference rules propagation network structure to realize the benefits of functional complementarily. However, in the common conditions, these parameters learning algorithm require presetting fuzzy system topology.
Mathematical Problems in Engineering
As an alternative, wavelet neural network is a feedforward network based on wavelet analysis, effectively combining the structural model of neural network, and the determination of the entire network structure has a reliable theoretical basis and thereby avoids the blindness of the structural design. Many researchers have proposed wavelet fuzzy neural network (WFNN) combining wavelet theory with fuzzy neural network (FNN) [11] [12] [13] [14] . In WFNN, each fuzzy rule corresponds to sub-WNN, and the approximation accuracy of the WFNN can be improved greatly by learning the setting parameters of wavelet and fuzzy [15] . Although the WNN has been successfully applied in nonlinear system, some challenging issues still exist, such as how to optimize the structure of WNN.
Particle swarm optimization (PSO) algorithm is a global optimization algorithm, through collaboration and competition between individuals to find the optimal solution, and particle swarm optimization search process is started from the entire group, with the implicit parallel search features to improve the performance of the algorithm [16] . However, the PSO algorithm has some disadvantages such as easily falling into local minima and slow convergence speed. In order to overcome these drawbacks, a new SPSO algorithm is proposed to train the FWNN in this paper. The SPSO algorithm [17, 18] has been using velocity updating equation with Markovian switching parameters to overcome the contradiction between the local search and the global search. The proposed SPSO algorithm can not only avoid the local search stagnating in a local area but also lead the swarm to move to a more potential area quickly. Therefore, the SPSO algorithm can greatly improve the ability of WNN and global search.
In this study, in order to achieve control over the highpower AC servo system, a WFNN is applied to build the intelligent model and control for this system, which is trained by means of learning rate with using SPSO algorithm. The convergence rate is greatly accelerated, and the local optimum is avoided. Finally, simulation results illustrating the validity and advantages of the proposed WFNN for the AC servo control system are discussed. This paper is organized as follows. In Section 2, the servo system is being analyzed. The structure of the fuzzy wavelet neural network (FWNN) and the structure learning and parameter learning algorithms are introduced in Sections 3 and 4. In addition, the design procedures, adaptive learning algorithms, and the stability analysis of the proposed FWNN controller are also described in detail in Section 4. Simulation results are discussed in Sections 5 and 6; last part gives the conclusion of this paper.
Modeling AC Servo System
The control structure chart of an AC servo system is presented in Figure 1 . Due to the nonlinearity of the motor itself, the nonlinear phase comparison brought by the system load changes is very small, so the derivation of the model makes some assumptions [19] : (a) no saturation effect; (b) motor evenly distributed air gap and magnetic induction EMF sinusoidal shape; (c) excluding the hysteresis and eddy current loss; (d) no rotor excitation winding.
In Figure 1 , the dotted line is the control schematic of an AC speed control system; is the target position; is the actual target position, respectively. In addition, is the control voltage; is the amplifier gain; is the loop resistance of motor armature; is the loop inductance of motor armature;
is the motor torque coefficient; is the motor electromagnetic torque; is the counter-electromotive force of motor armature;
is the counter-electromotive force coefficient of motor;
is the load disturbance torque; is the friction torque disturbance; is the total inertia moment converted to the rotor; is the viscous friction coefficient; is the angular velocity of motor; is the reduction ratio.
Generally, the current time constant in the motor is much smaller than the mechanical time constant, so the delay time of current response can be ignored [20, 21] 
The electromagnetic torque of motor is
The torque balance equation can be shown as
Putting (2) into (3), (3) can be rewritten as
Multiplying both sides of (4) by 1/ , it can be shown as
Set state variable = [ 1 2 ] , 1 = and 2 =, and then the state space equation of the speed control system iṡ
where
The system rotational inertia , the viscous friction coefficient , the load disturbance torque , and the friction torque disturbance change when the work condition changes. That is to say, ( ), , and ( ) are all nonlinear functions.
Wavelet Fuzzy Neural Network Controller
Fuzzy wavelet neural network is made up of multiresolution of wavelet variation and traditional TSK fuzzy system. In fuzzy wavelet network, each fuzzy rule corresponds to given wavelet scale values of wavelet neural network [11] . The structures integrate into sub-WNN and are shown in Figure 2 .
The th fuzzy rule of the proposed WFNN can be presented as follows.
: if 1 is 1 , 2 is 2 , . . ., and is , then
where is the fuzzy rule (1 ≤ ≤ ); is the membership function for the fuzzy set of Gaussian function, which can be expressed as follows:
where is the input of = 1, . . . , ; = 1, . . . , . And a membership function is defined by a center and a width . For the consequent part, the output of sub-WNN is shown as
where are the wavelet weights and ( ) are multidimensional wavelets which are generated from the mother wavelet function:
where = ( − )/ , represents the output, represents the shift factor, represents the spreading factor, and , , respectively, represent the th wavelet of the th input item.
Using product rule and defuzzification, the output of the whole proposed WFNN structure is given by
, and ( ) = ∏ ( ). In order to make the system convergence faster and avoid the local optimum problem, the BP algorithm is used for realtime training. The energy function is defined as
In order to facilitate training WNN controller parameters, set vector P as
where = 1, . . . , , = 1, . . . , 5, = 1, . . . , , , and = 1, . . . , . Use an adaptive learning rate BP algorithm for any parameter vector for real-time training, which can be expressed as
where is learning rate of WFNN controller parameters and is expressed as
For any system parameter vector of gradient performance is expressed as
where / ( ) can be shown as [22] 
Since the accuracy requirements within the scope of the error between the network identification output and the actual output of the controlled object in the offline training and learning, it can be considered that the actual output is replaced approximately by the identification output, which may not greatly affect the control performance. Then the controlled object gradient information ( )/ ( ) of the learning algorithm of the WFNN controller was replaced by using the training algorithm of WFNN identification output [23] . 
Training Algorithm and Stability Analysis

A Novel Switching PSO.
To improve the online learning capability of the proposed WFNN, the SPSO algorithm is adopted in this section to adapt the learning rates. The configuration of the proposed WFNN controller with SPSO is shown in Figure 3 . A velocity updated equation with Markovian switching parameters is proposed to overcome the contradiction between the local search and global search. Markov chain is a very useful and important tool in control system [24] . At each step, the Markov process changes its state according to a certain probability distribution. The distribution properties can be described by evolutionary factor. This method can show the distance between the global best particle and other particles in the swarm. And it can be shown as follows:
where and are the populations size and the dimensions, respectively. is the th value of the th particle, and is the th value of the average point in the whole swarm that can be shown as
Due to the disadvantages of the classification PSO method (e.g., the swarm will be stagnated in local optimum if the current global best particle is a local optimum away from swarm), this will be reducing the convergence speed. Thus, a velocity updating equation with Markovian switching parameters to overcome this shortcoming and improve the search abilities is introduced in this section. The velocity and position updating equations with Markovian switching parameters are shown in the following equations: 
where ≥ 0 is the transition rate from to and ∑ =1 = 1; ( ) = 1, ( ) = 2, ( ) = 3, and ( ) = 4 represent the states of convergence, exploration, exploitation, and jumping-out, respectively. The equations of classification and probability transition matrix are shown as follows [17] : 
where is equal to 0.9 in the evolutionary process for keeping the classification accuracy as well as the search diversity; is evolution factor which is written as
where represents the globally best particle in ; min and max show the maximum and minimum distance in , respectively.
The inertia weight is employed to balance the global and local search abilities. Thus, the inertia weight is defined as The inertia weight is monotonic with which makes adaptive to the search environment. Thus, the inertia weight is chosen as 0.9 in this paper. The flow chart of using the SPSO algorithm to optimize the parameters of WFNN is shown in Figure 4. 
A Novel Stability
Analysis. The Lyapunov function was used to judge the stability of the system. Define Lyapunov function:
where ( ) = ( ( ) − ( )).
where ( +1) = ( )+Δ ( ). Δ ( ) can be expanded by using Taylor formula:
where = ( )/ ( ). Δ ( ) can be written by (29) and (28) as
Putting (30) into (27), Δ ( ) can be rewritten as
When ( ) ≤ 1, (32) can be rewritten as
Thus, according to the Lyapunov stability theory, when > 0, Δ ( ) < 0; that it to say, the output of the system can gradually track command signal and stability.
Simulation Result and Analysis
Because the moment of inertia will change greatly under different loading conditions and a large load variation and impact will occur in the rotating part when the weapon is launched, that make the traditional control method difficult to precise control system. Thus, a WFNN is applied to build the intelligent model and control for this system, which is introduced by previous section; moreover, adaptive parameters are trained by means of learning rate with using SPSO algorithm.
In order to verify the performance of the proposed fuzzy wavelet neural network controller, the adaptive fuzzy wavelet neural network (AWFNN) mode controller is compared. The simulation results are shown in Figures 5-9 . In the figures, the black line 3 is the target output and black dotted line 1 is a wavelet fuzzy neural network with SPSO; and adaptive fuzzy wavelet neural network is shown by red dotted line 2. The main parameters of AC servo system are shown in Table 1 . According to the dilation parameters of the select wavelets, five rules/sub-WNN are chosen for constructing each network. According to dilation parameters of selected wavelets, the proposed controller which is used contains 10 fuzzy rules with 10 membership functions which are assigned for each input variable. Figure 5 for the moment of inertia is a variation of the initial value to 2 times the position of the response curve. When the moment of inertia changes, using adaptive wavelet fuzzy control, the system generates overshoot and needs 2.58 s to reach the target. But, using wavelet fuzzy neural network with SPSO control, the system reaches a steady state and only needs 1.67 s and no overshoot generated. Thus, by contrast it shows that using wavelet fuzzy neural network with SPSO control mode can better suppress the perturbation changes. Figure 6 shows the position response curve added with a 450 Nm step disturbance at 4 s. As can be seen from the figure, when the load disturbance occurs, the location of the response using the algorithm of AWFNN control shows large deviation, and it needs 0.82 s to recover the reference position; however, using WFNN with SPSO control algorithm, the system has better suppression performance of load disturbance, and the system offset is 0.035 degrees, and it only needs 0.1 second to reach the target position. Figure 7 is a dynamic system to track the location of random interference, when added to the response curve; it can be seen that, when using AWFNN control, the system has been shifted up and down at the target position; however, using WFNN with SPSO control, the system did not produce offset. Thus, the WFNN with SPSO method has a strong antiinterference ability and good dynamic performance. Figure 8 is a dynamic system step response curve tracking error. It shows that when the system parameters are uncertain and external disturbances appear, the WFNN with SPSO controller can enable the tracking servo system to rapidly reach the given position signals and suppress the system impact of various uncertainties by introducing more efficient robust control. In other words, the accuracy and robustness of the system are improved.
In addition, SPSO can be used to adapt the learning rates online, which can be observed obviously as shown in Figure 9 , where, line 1, line 2, line 3, line 4, and line 5 represent ; ;
; ; and , respectively.
Semiphysical Simulation Test
To investigate the efficiency of the proposed WFNN with SPSO control as a strategy in establishing AC servo system, a semiphysical simulation platform is constructed to simulate the working conditions of the servo control system. The test results were compared to verify the performance of the controller in this paper superiority. The semiphysical simulation test-bed structure diagram and object diagram are shown in Figures 10 and 11 , respectively. Based on the components shown in Figure 10 , the platform consists of seven parts, including the control computer, the sensor system for measurement, the power amplifier (PA), the precision reduction gearbox (PRG), the loading fixture (LF), the actuating motor (AM), and the test bed. The loading fixture, which consists of the rotational inertia plate (RIP) and the magnetic powder brake (MPB), is employed for the simulation of the rotational inertia, the load torque, and the frictional resistance moment. The rotational inertia variations in the loads are well simulated by changing the RIP. Similarly, the variations in the load torque and the frictional resistance moment are also well simulated by controlling the output torque of the MPB.
To investigate the tracking accuracy of the servo system with WFNN with SPSO control system, sinusoidal command tracking with an angle frequency of 16.7 rad/s and amplitude of 100 degree is conducted on the semiphysical simulation platform. The corresponding tracking curves of both the WFNN with SPSO and AWFNN control systems are illustrated in Figure 12 .
By comparison, the WFNN with SPSO control system has a better dynamic performance and steady-state performance than the AWFNN control, and it can effectively increase the stability and speed of the system.
Conclusion
This study has demonstrated the validity of the proposed WFNN controller with SPSO for the position control of an AC servo system. First, the modeling of the AC servo system was introduced. Then, the network structure and learning algorithm of the proposed WFNN controller were introduced in detail. Moreover, the SPSO algorithm has been adopted to adapt the learning rates online. Finally, the control performances of the AWFNN controller and proposed WFNN controller with SPSO have been compared by simulations and prototype test. From the simulation and prototype test results, the scheme of system uncertainties and external disturbance has strong robustness and good dynamic steady-state response performance. Therefore, the proposed WFNN controller with SPSO can control the AC servo system effectively.
